The Masinga Reservoir located in the upper Tana River Basin, Kenya, is extremely 38 important in supplying country's hydropower and protecting downstream ecology. The Dam 39 serves as the primary storage reservoir, controlling streamflow through a series of downstream 40 hydro-electric reservoirs. The Masinga dam's operation is crucial in meeting the power demands 41 thus contributing significantly to the country's economy. La Nina related prolonged droughts of 42 1999-2001 resulted in severe power shortages in Kenya. Therefore, seasonal streamflow 43 forecasts contingent on climate information are essential to estimate pre-season water allocation. 44
Introduction 60
Recent studies focusing on the teleconnection between Sea Surface Temperature (SST) 61 conditions and regional/continental hydroclimatology show that interannual and interdecadal 62 variability in exogenous climatic indices modulate both global and regional scale rainfall 63 (Ropelewski and Halpert, 1987) and streamflow patterns (e.g., Dettinger and Diaz, 2000 ; 64 Piechota and Dracup, 1996) . Advancement in understanding the linkages between exogenous 65 climatic conditions such as tropical SST anomalies to local/regional hydroclimatology offer the 66 scope of predicting season ahead and long-lead time (12 to 18 months) streamflow (Maurer and 67 Lettenmaier, 2003; Souza and Lall, 2003) . Considerable improvement in the skill of seasonal 68 climate forecasts over the last decade has also been achieved using the slowly evolving boundary 69 conditions such as SSTs in the tropical oceans (Goddard et al. 2003) . Seasonal forecasts of 70 streamflow could also be utilized effectively for multipurpose water allocation and to prepare 71 adequate contingency measures to mitigate hydroclimatic disasters (Voisin et al. 2006 ; 72 Georgakakos and Graham, 2008; Golembesky et al. 2009 ). Hence, the application of climate 73 based information for water management has been shown to result in improved benefits over the 74 long term in comparison to the benefits that would be obtainable under no-forecasts 75 (climatology) based operation. Still, application of climate forecasts for improving water 76 management faces various challenges partly due to the uncertainty in climate forecasts (Pagano 77 et al. 2001 ; Pagano et al. 2002) as well as due to the challenges in translating probabilistic 78 forecasts for operational guidance ). 79
Recent studies on operational streamflow forecasts development show that seasonal 80 streamflow forecasts downscaled from monthly updated climate forecasts are quite effective in 81 reducing the uncertainty in intra-seasonal water allocation ; 82 Sankarasubramanian et al. 2009 ). Efforts to reduce uncertainty in climate forecasts have also 83 focused on combining climate forecasts from multiple climate models (Rajagopalan et al. 2002 ; 84 Sankarasubramanian, 2010a, 2010b) . Recent studies based on multimodel 85 combination approach indicate better streamflow forecasting skill than any individual forecast 86 model as the skill of the multimodel ensembles is maximized by assigning optimal weights to 87 each GCM (Robertson et al. 2004 ; Devineni et al. 2010a Devineni et al. , 2010b . Studies have also shown the 88 utility of multimodel streamflow forecasts derived from low-dimensional models in invoking 89 restrictions and water conservation measures during drought years (Golembesky et al. 2009 ). 90
Low dimensional models primarily employ the dominant modes of variability in the predictors 91 (e.g., precipitation forecasts from GCMs) to explain the variability in the predictand (e.g., 92
precipitation/streamflow). The main intent of this study is to evaluate the performance of probabilistic streamflow 100 forecasts developed from single General Circulation Model (GCM) and from multimodel climate 101 forecasts in improving the hydropower generation for the Tana River basin, Kenya. Tana River  102 basin accounts for about 57% of the total hydropower generated in Kenya and our analysis is 103 focused on the Masinga Reservoir system, which accounts for about 67% of the total storage 104 capacity in the Tana River basin. For developing the reservoir inflow forecasts, the study utilizes 105 strong association between SST and inflows indicates the potential in linking climate forecasts 152 for developing season-ahead inflow forecasts for the Tana River basin. 153
Seasonal streamflow forecasts based on exogenous climate indices can be obtained using 154 both dynamical and statistical modeling approaches. The dynamical modeling involves coupling 155 of a hydrological model with a Regional Climate Model (RCM) that preserves the boundary 156 conditions specified by the General Circulation Models (GCM) by considering the topography of 157 a region (e.g., Leung et al., 1999; Nijssen et al., 2001 ). However, uncertainty propagation from 158 the coupling of these models (Kyriakidis et al. 2001 ) and converting the gridded 159 streamflow/precipitation forecasts into reservoir inflow forecasts pose serious challenges in 160 employing dynamical downscaling for water management applications. On the other hand, 161 statistical modeling basically employs statistical models to downscale GCM outputs to develop 162 streamflow forecasts at a desired location (Gangophadhyay et al., 2005) . Studies have also 163 related well-known climatic modes to observed streamflow in a given location using a variety of 164 statistical models ranging from simple regression (e.g., Hamlet and Lettenmaier, 1999) to 165 complex methods such as linear discriminant analysis (Piechota et al., 2001) , spatial pattern 166 analysis (Sicard et al., 2002) , and semi-parametric resampling strategies (Souza and Lall, 2003) . 167
Although both approaches have their advantages and limitations, statistical modeling approach is 168 the least data intensive and is very relevant in regions such as Kenya, where high resolution 169 spatial data to run regional climate and hydrologic models are not readily available. 170
Multimodel Inflow Forecasts Development using Multimodel Climate Forecasts 171
The primary intent of this paper is to utilize inflow forecasts developed using multimodel 172 climate forecasts and compare their performance with inflow forecasts developed using single 173
GCMs and with climatological inflows. Recent studies on reducing the uncertainty of climate 174 forecasts shows that combining multiple models result in reduced false alarms and missed targets 175 resulting in improved probabilistic climate forecasts (Rajagopalan et al., 2002; Devineni and 176 Sankarasubramanian, 2010b) . In this study, we utilize the multimodel precipitation forecasts 177 developed by Devineni and Sankarasubramanian (2010b) for developing multimodel inflow 178 forecasts for the Masinga reservoir. The multimodel precipitation forecasts for the AMJ and 179 OND seasons are developed by combining five coupled GCMs (CGCMs) and climatology (i.e. 180 observed precipitation) based on the methodology described in Devineni and 181 Sankarasubramaniam (2010b). The precipitation forecasts from multiple models along with the 182 climatology are combined by analyzing the skill of the candidate models contingent on the 183
Nino3.4 state. The main advantage of combining multiple GCMs conditional on the predictors' 184 state is that the approach assigns higher weights for climatology and lower weights for the 185
CGCMs particularly if the skill of a candidate model is poor under ENSO conditions. For 186 additional details and a complete discussion on the multimodel combination methodology, see 187 Sankarasubramaniam (2010a, 2010b) . 188
Retrospective precipitation forecasts from the European Union's ENSEMBLES project 189 (Weisheimer et al. 2009 ) were used to develop the multimodel forecasts over the Masinga River 190
Basin. we can generate realizations from the normal distribution. The conditional mean of the 214 multimodel forecast over the Masinga catchment area over four grid points (Figure 1a ) and the 215 previous month streamflow, Q t-1 , were used as predictors in the principal component regression 216 to develop the inflow forecasts for the Masinga Dam. We capture the role of initial land surface 217 conditions by using the previous month streamflow as a predictor in developing streamflow 218 forecasts. Filled stars in Figure 1a indicate the selected grid points of multimodel precipitation 219 forecasts and open stars indicate the selected grid points of precipitation forecasts from the 220 ECHAM4.5 GCM. We considered principal components regression, since the forecasts from 221 these four grid points were correlated. All the GCMs from ENSEMBLES experiment and 222 ECHAM4.5 atmospheric GCM were almost at the same resolution. Our previous study combined 223 the individual CGCMs precipitation forecasts to develop multimodel precipitation forecasts. 224
To compare the performance of multimodel climate forecasts, we also consider 225 precipitation forecasts from a single GCM -ECHAM4.5 forced with constructed analogue SSTs. 226
Retrospective precipitation forecasts from ECHAM4.5 are available at IRI for 7 months in 227 advance for every month beginning January1957 with a resolution of 2.8°X2.8° 228 given region are spatially correlated, employing precipitation forecasts from multiple grid points 245 as predictors would raise multicollinearity issues in developing the regression. PCR, which is a 246 commonly employed approach in Model Output Statistics (MOS) (Wilks, 1995) , eliminates 247 systematic errors and biases in GCM fields and also recalibrates the principal components (PCs) 248 of GCM fields to predict the hydroclimatic variable of interest using regression analyses. In this 249 context, the predictand is the streamflow (Q t ) over the season (AMJ/OND) and the predictors are 250 the previous month streamflow (Q t-1 ) and the ensemble mean of precipitation forecasts from 251 ECHAM4.5 GCM or the multimodel ensemble mean obtained using equations (1) 
where seasonal storage equations are constrained so that the storage is between the minimum and 311 maximum possible storage, S min and S max , respectively 312 is converted into net 315 hydropower HP t generated from the turbines based on the elevation storage relationship of the 316 reservoir. Evaporation, k t E is also computed as a function of average storage during the season 317 using the water spread area and storage information of the reservoir specified in equation (6). 318
where ψ t = seasonal evaporation rate and δ 1 and δ 2 = coefficients describing the area-storage 320 relationship. We employed spline interpolation technique for obtaining the water spread area 321 corresponding to the average season storage computed for each ensemble. It is important to note 322 that the evaporation is evaluated implicitly for each realization in the ensemble. The estimated 323 average evaporation rate (ψ j ) = 0.402 mm and 0.502 mm for the AMJ and OND seasons 324 respectively. 325
The objective is to determine h t R , such that the probability of having the end of the season 326 storage, t T S , , less than the target storage, * T S , is small which is represented by its failure 327 probability (Prob), p s , using 328
Given the water supply release is very small (35 MCM) compared to the hydropower release, we 330 considered climatological probability for p s (= 0.5) which implies that the target storage could be 331 violated 50% of the time under the retrospective forecast-based analysis. Reducing p s will result 332 in reduced releases for hydropower resulting in increased spill from the reservoir. 333
Prior to performing the retrospective reservoir analyses using the streamflow forecasts, 334 
End of the Season Target Storage Probabilities 379
To begin with, we first evaluate the ability of the three candidate forecasting schemes in 380 estimating the probability of meeting the June and December storage for the reported seasonal 381 releases from Masinga over the period 1991-2005 without constraining the releases being p s =0.5. 382
Given that most of the reservoirs can hold water for more than the seasonal demand, the entire 383 demand could be met with 100% reliability. However, we can modify the reservoir releases by 384 comparing the ability of the three forecasting schemes in estimating probability of meeting the 385 end of the season target storage (Prob ) (
). 386 normal inflow year), since both forecast models suggest that the probability of meeting the target 449 storage is very low, we can enforce restrictions on the releases for hydropower to ensure p s =0.5. 450
Such information on reduced potential of generating hydropower could be utilized for increasing 451 the firm power generation from other systems. 452
The main intent of this study is to understand the utility of multimodel streamflow 453 forecasts in improving the water allocation for hydropower generation. Further, we can also see that the multimodel forecasts suggest more water release during above 475 normal years compared to single model forecasts. Similarly, during below normal years, the 476 multimodel forecasts suggest more reduction in release from the actual observed release 477 compared to SM forecasts. 478
Given that the Masinga reservoir is primarily operated for hydropower generation, we 479 also estimated the amount of hydropower (in GWH) that results each year from operating the 480 reservoir based on the seasonal forecasts. In other words, we combine the model determined 481 releases with observed inflows to simulate to actual amount of hydropower that is generated 482 based on the storage -elevation relationship of the reservoir. Figure 6 shows the estimated 483 change in generated hydropower from the reservoir from both the forecasts. Analogous to Figure  484 5, we can observe from Figure 6 that the forecasts suggest an increase (decrease) in generated 485 hydropower during above normal (below normal) inflow years. It is important to note that the 486 increase in hydropower generated during the above normal years results from an increased 487 allocation of water for power generation. This also in turn results in a reduced spill from the 488 reservoir during above normal inflow years. The estimated spill each year for both the seasons is 489 shown in Figure 7 . We observe that for most of the years the spill obtained from the forecast 490 models is lesser than the spill suggested by the climatological ensemble. This indicates that the 491 model is actually releasing additional water for hydropower generation during above-normal 492
years. 493
We can always increase the allocation for any use by allocating additional water. But, 494 such an increase should not come at the cost of failing to meet the target storage. increased release resulting in a storage that is lesser than the target storage. This is a clear case of 504 multimodel forecasts failing to estimate the target storage. During the rest of the years on both 505 seasons, multimodel forecasts estimate the storages closer to the target storage. 506
The retrospective reservoir analysis presented in this study can be utilized to determine 507 the appropriate seasonal releases in conjunction with the future streamflow potential. If the 508 forecasts suggest an above normal inflow year, then the Prob ) ( * T T S S < will be lower than its 509 climatological probability, forecasts based allocation would facilitate the opportunity to relax the 510 restrictions and thereby release more water for hydropower generation and reduce downstream 511 flood risk. In other words, the reservoir operators can consider additional releases such that the 512 forecasts based estimates of Prob ) ( * T T S S < are equal to its climatological probability of p s =0.5. 513
Similarly, during below normal years, one can consider the options of enforcing restrictions on 514 the releases to ensure the end of season target storage is met with a probability equal to 515 climatological probability. By suggesting a reduction in hydropower generation during below 516 normal inflow years, the system's resilience in rebounding to normal operation is improved by 517 hedging additional water to meet future demand. 518
Discussion: 519
Results from the multimodel climate forecasts improve the forecast skill by reducing the 520 overconfidence of individual models (Weigel et conditions resulted in power shortages and prolonged power rationing in Kenya. In this study, we 570 utilize reservoir inflow forecasts downscaled from monthly updated precipitation forecasts from 571 ECHAM4.5 forced with constructed analogue SSTs and multimodel precipitation forecasts 572 developed from ENSEMBLES project to improve the seasonal water allocation during April-573 June (AMJ) and October-December (OND) seasons for the Masinga reservoir in Kenya. Three-574 month ahead inflow forecasts developed from ECHAM4.5, multiple General Circulation Models 575 (GCMs) and climatological ensemble are forced into a reservoir simulation model to allocate 576 water for power generation by ensuring climatological probability of meeting the end of the 577 season target storage that is required to meet the water demands during non-rainy seasons. The 578 forecasts based releases are then combined with observed inflows to estimate storages, spill and 579 generated hydropower from the system. Retrospective reservoir analysis shows that inflow 580 forecasts developed from single GCM and multiple GCMs perform better than climatology 581 reduce the spill considerably by increasing the allocation for hydropower during above-normal 582 inflow years. Similarly, during below-normal inflow years, both these forecasts could be 583 effectively utilized to meet the end of the season target storage by restricting the releases of 584 water for power generation uses. Comparing the performance of inflow forecasts developed from 585 multimodels with the inflow forecasts developed using ECHAM4.5 alone, we infer that the 586 multimodel forecasts preserves the end of the season target storage better in comparison to the 587 single model forecasts by reducing the overconfidence of individual model forecasts. Thus, 588 considering multiple models for seasonal water allocation reduces the uncertainty related to a 589 single model and provides the inflow forecasts with reduced model uncertainty for improving 590 water and energy allocation. 591
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